International Volatility Risk and Chinese Stock Return Predictability by CHEN, Jian et al.
Singapore Management University
Institutional Knowledge at Singapore Management University
Research Collection Lee Kong Chian School Of
Business Lee Kong Chian School of Business
2-2017
International Volatility Risk and Chinese Stock
Return Predictability
Jian CHEN
Xiamen University
Fuwei JIANG
Central University of Finance and Economics
Yangshu LIU
Xiamen University
Jun TU
Singapore Management University, tujun@smu.edu.sg
DOI: https://doi.org/10.1016/j.jimonfin.2016.08.007
Follow this and additional works at: https://ink.library.smu.edu.sg/lkcsb_research
Part of the Finance Commons, and the Finance and Financial Management Commons
This Journal Article is brought to you for free and open access by the Lee Kong Chian School of Business at Institutional Knowledge at Singapore
Management University. It has been accepted for inclusion in Research Collection Lee Kong Chian School Of Business by an authorized administrator
of Institutional Knowledge at Singapore Management University. For more information, please email libIR@smu.edu.sg.
Citation
CHEN, Jian; JIANG, Fuwei; LIU, Yangshu; and Jun TU. International Volatility Risk and Chinese Stock Return Predictability. (2017).
Journal of International Money and Finance. 70, 183-203. Research Collection Lee Kong Chian School Of Business.
Available at: https://ink.library.smu.edu.sg/lkcsb_research/5080
International Volatility Risk and Chinese Stock Return
Predictability ∗
Jian Chen† Fuwei Jiang‡ Yangshu Liu§ Jun Tu¶
Current version: March 2016
Abstract
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1. Introduction
Recent research suggests that information now is evaluated and reflected in a timely manner be-
tween markets due to globalization. Specifically, Chinese stock market is showing an increasing
level of integration with the international financial markets due to its ongoing trade and financial
liberalization and deregulation over the past three decades. For example, Glick and Hutchison
(2013) find that Chinese stock market is strongly linked to its East Asian neighbors. Goh, Jiang,
Tu, and Wang (2013) present evidences that US economic variables are leading indicators of Chi-
nese stock market, particularly after China joined in the World Trade Organization (WTO). Jordan,
Vivian, and Wohar (2014) show that stock returns of countries that China net imports from can sig-
nificantly forecast the aggregate Chinese stock market return. In this paper, we investigate whether
international volatility risks are useful in explaining the time variation of Chinese stock market
returns.
Understanding the risk-return relationship is critical to many fundamental issues in asset pric-
ing, investment, and corporate finance. Merton (1980) theoretically shows that volatility risk is
related to expected stock return. An, Ang, Bali, and Cakici (2014), Guo and Qiu (2014), Bali, Hu,
and Murray (2015), among others, provide empirical evidence on the predictive power of volatil-
ity risk for US stock returns. Given China’s strengthened link to international financial markets,
it is hence possible that the Chinese stock market is exposed to the international volatility risks.
Empirically, we find that international volatility risks, particularly the US volatility, can strongly
forecast the future Chinese stock market returns beyond Chinese domestic volatility.
This paper also contributes to the asset pricing literature on Chinese stock market, which
recently has attracted considerable attention from both practitioners and academics. China now
has the second largest stock market in the world, valued at more than eight trillion US dollars
(with the Shanghai and Shenzhen exchanges combined), and has more than two thousand public
firms listed. Moreover, the Chinese stock market is still young, underdeveloped, speculative, highly
volatile, and with many abrupt market fluctuations. Therefore, it is of great interest to understand
whether international volatility risk is priced in the emerging Chinese stock market with high
volatility, speculation, and poor governance. If international volatility risk contains information
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for forecasting future Chinese stock returns beyond that contained in the Chinese domestic risk
factors, investors should incorporate these international risk measures into their information set
to enhance the accuracy of their returns forecast. The enhancement of the return forecasts can
be economically large, and will therefore affect the benchmark used for measuring investment
performance.
Following Ang, Hodrick, Xing, and Zhang (2006), Bali and Engle (2010), Chang, Christof-
fersen, and Jacobs (2013) and An, Ang, Bali, and Cakici (2014), we employ the innovations in
daily implied volatility indices of seven major international markets as our proxies for internation-
al volatility risks. Specifically, we calculate the daily changes of implied volatility for the US, UK,
France, Germany, Euro zone, Japan, and Hongkong markets, and denote them as ∆VIX, ∆VFTSE,
∆VCAC, ∆VDAX, ∆VSTOXX, ∆VXJ, and ∆VSHI, respectively. Bali and Peng (2006), Guo and
Whitelaw (2006) and Guo and Qiu (2014) advocate for using implied volatility instead of realized
or GARCH related volatility measures to study the relation between the stock market risk and the
expected stock return.1
Since the opening and closing GMT timings for the American and European markets are
lagged to the Chinese stock market by six to fifteen hours (see Table 1), the volatility innovations
observed in these markets are overlapped with the Chinese close-to-open overnight stock returns.
To avoid this look-ahead bias, we decompose the Chinese close-to-close daily stock returns into
close-to-open overnight returns and open-to-close daytime returns. We then focus on forecasting
the future Chinese open-to-close daytime stock returns, for which there is no look-forward bias.
Becker, Finnety, and Gupta (1990) investigate the correlation between the US market return and
subsequent daytime returns of East Asian countries. However, little research show evidences of
the relationship between international volatility risks and Chinese daytime returns. To the best of
our knowledge, out study is the first paper providing such an empirical result.
Interestingly, we document significant daily return reversals in Chinese stock market: large
negative overnight returns from close-to-open and large positive daytime returns from open-to-
close. This finding hence indicates on average a lower opening price for the next trading day
1We use the daily realized volatility as a proxy for the Chinese domestic volatility risk, calculated as the sum
of squared five-minute intraday returns, since there is no option market in China. We obtain similar findings using
alternative international volatility risk measures such as the variance risk premium (VRP).
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relative to the closing price at the end of current trading period in Chinese market, which is in
sharp contrast to the positive overnight return evidence in US market as shown in Berkman, Koch,
Tuttle, and Zhang (2012). Our decomposition finding also has important implications for portfolio
management: the investors can achieve even higher average returns by buying stocks at the open
time of next day instead of the close time of current day. Therefore, it becomes important to predict
the open-to-close daytime Chinese stock returns for the Chinese stock market investors.
We utilize the standard predictive regression framework and daily data to examine the return
predictability of international volatility risks for the next-day excess returns on Chinese stock mar-
ket over the sample from January 4, 2003 through September 30, 2013. We find that international
volatility risks are negatively associated with the contemporaneous Chinese daily close-to-open
overnight stock market returns, while positively forecast the next-day Chinese open-to-close day-
time stock returns. Importantly, among the seven international volatility risk measures, the US
volatility innovation (∆VIX) is particularly powerful, which significantly and positively predict-
s the Chinese daytime stock returns. Further bivariate predictive regression analysis shows that
the forecasting ability of ∆VIX dominates the other six international market volatility risks. This
is consistent with Rapach, Strauss, and Zhou (2013) which shows a leading role of the US s-
tock returns in predicting the monthly international stock returns. We also find that the predictive
power of ∆VIX is robust after controlling for Chinese domestic stock market volatility risk mea-
sured as the realized volatility (RV SH), daily changes of RV SH , and unexpected changes of RV SH ,
respectively. Moreover, ∆VIX’s forecasting power remains strong after controlling for more al-
ternative return predictors including the lagged Chinese stock market return (Bali, Demirtas, and
Levy (2009)), lagged US stock returns (Rapach, Strauss, and Zhou (2013) and Jordan, Vivian,
and Wohar (2014)), and lagged Chinese and US economic variables (Welch and Goyal (2008),
Campbell and Thompson (2008) and Goh, Jiang, Tu, and Wang (2013)).
We next examine the out-of-sample forecasting power of international volatility risks. Con-
sistent with in-sample results, the out-of-sample R2 statistic (R2OS) of ∆VIX is equal to 0.49%,
which is positive, economically sizable, and statistically significant. As a comparison, the Chinese
domestic realized volatility generates a R2OS of 0.45% and other international volatility innovations
produce negative R2OS statistics. Based on the superior forecasting ability of ∆VIX, we evaluate
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the economic value of the predictability from an asset allocation perspective. Results show that
∆VIX generates economically sizable certainty equivalent return (CER) gains of 217 (130) basis
points under the risk aversion of three (five). This indicates that the investor with risk aversion of
three (five) is willing to pay a portfolio management fee up to 217 (130) basis points per annum to
have access to the competing predictive model based on the ∆VIX relative to the historical average
benchmark. Our results are robust for the manipulation-proof performance measure MPPM gains
of Goetzmann, Ingersoll, Speigel, and Welch (2007).
Finally, we explore the economic driving forces of our findings. First, we ask whether a
risk-based intertemporal asset pricing model (ICAPM) helps to explain the predictive power of
the international volatility risk measure ∆VIX for the daily Chinese stock market return. Merton
(1973)’s classical ICAPM model shows that the expected stock stock return is positively related to
its conditional variance as well as the conditional covariance between excess market returns and
the innovations in state variables that affect the stochastic investment opportunity set. Campbel-
l (1993, 1996) provides an ICAPM model in which an unexpected increase in market volatility
represents deterioration in the investment opportunity set or a decrease in optimal consumption.
Risk-averse investors hence will demand higher risk premium for an asset whose return is contem-
poraneously negatively correlated with changes in market volatility. Empirically, we find that the
∆VIX is positively and significantly related to expected Chinese market volatility risk, suggesting
that high ∆VIX may reflect the innovation in a state variable that leads to unfavorable shifts in
the investment opportunity set, and investors will be compensated in equilibrium with high risk
premium for bearing such risk, consistent with our finding of positive intertemporal relationship
between international volatility risk and Chinese daytime stock return.
Second, we investigate whether trading activity or market liquidity risk helps to explain the
return predictive power of ∆VIX. In a seminal study, Amihud (2002) shows that unexpected illiq-
uidity is negatively related to contemporaneous stock returns, while expected market illiquidity
positively affects expected stock returns. Empirically, we find that the ∆VIX is negatively and
significantly related to Chinese daily trading activity and market liquidity. Specifically, high ∆VIX
predicts low changes in Chinese daily stock market turnover, low trading volume, and high Ami-
hud illiquidity on the next day. This finding suggests that observed high ∆VIX may result in panic
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selling and reduced market liquidity in Chinese stock market, which leads to the negative contem-
poraneous overnight return and positive expected next-day daytime returns as compensation for
liquidity risk.
The remainder of this paper is organized as follows. Section 2 describes the data used in
this paper. Section 3 provides the in-sample forecasting results. Section 4 presents the out-of-
sample performance assessments including prediction and asset allocation. Section 5 provides an
economical explanation for the predictability. Section 6 checks the robustness for the Shenzhen
stock market. Section 7 concludes this paper.
2. Data and Summary Statistics
In this paper, we analyze the forecasting power of innovations in international implied volatility
indexes for the daily excess returns on Shanghai stock exchange (SSE) index. As a robustness
check, we also repeat our analysis for the Shenzhen stock market. Our return data is downloaded
from RESSET and extends from January 4, 2003 to September 30, 2013.2 In predictive regressions,
the excess stock return is defined as the difference between the stock return and the risk-free rate
which is also obtained from RESSET.
For the implied volatility indexes, we select seven international markets including US, UK,
France, Germany, Euro zone, Japan, and Hongkong. In the US market, CBOE introduced the
VIX index in 1990, which estimates the expected market volatility of S&P 500 index over the
next 30 calendar days based on the implied volatility in the prices of options written on the S&P
500 index. Following the methodology of VIX, other international markets also have developed
the corresponding implied volatility indexes for their own markets, e.g., the VFTSE for UK, V-
CAC for France, VDAX for Germany, VSTOXX for the Euro zone, VXJ for Japan, and VSHI for
Hongkong. We obtain the VIX from CBOE, the VFTSE and VCAC from Euronext, the VDAX
from Deutsche Bo¨rse, the VSTOXX from STOXX Limited, the VXJ from the Center for the Study
2As documented in Goh, Jiang, Tu, and Wang (2013), US economic variables have statistically significant forecast-
ing power for Chinese stock market returns after China joined World Trade Organization (WTO) in December 2001.
Therefore, to investigate the forecasting power of international volatility innovations for the Chinese stock returns, we
use the post-2002 daily data.
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of Finance and Insurance (CSFI), Osaka University, and the VHSI from datastream. The time span
for daily volatility indexes are from January 4, 2003 to September 30, 2013.
[Insert Table 1 about here]
Table 1 presents the trading hours for Chinese stock market, and the local and GMT dis-
semination periods for the implied volatility indexes in seven international markets3. Clearly, the
opening and closing GMT timings for the US and European markets are later than those for the
Chinese stock market, and hence, the implied volatility indexes observed in these markets at cur-
rent time are overlapped with the one-day ahead Chinese close-to-close daily stock returns. To
avoid the overlapping problem, in our empirical tests, we decompose the Chinese close-to-close
daily stock returns into close-to-open overnight returns and open-to-close daytime returns, so that
we can separately examine the predictability of international volatility risk for Chinese daytime
returns and their contemporaneous effects on overnight returns.
In addition, following Bali and Peng (2006), we divide the downloaded volatility indexes by
the square roots of corresponding trading days per year because they are in an annualized form.
We then calculate the daily innovations in implied volatility indexes following Ang, Hodrick, Xing,
and Zhang (2006), Bali and Engle (2010), Chang, Christoffersen, and Jacobs (2013), and An, Ang,
Bali, and Cakici (2014). Ang, Hodrick, Xing, and Zhang (2006) suggest using the innovation of
VIX instead of the VIX itself, and the high persistence of the VIX series at a daily frequency means
that the first difference of VIX is a suitable proxy for the innovation in aggregate volatility. Totally,
we have seven innovations in the international implied volatility indexes, which are denoted by
∆VIX, ∆VFTSE, ∆VCAC, ∆VDAX, ∆VSTOXX, ∆VXJ, and ∆VSHI, respectively.
Variance risk premium (VRP) is another popularly used measure of volatility risk. For exam-
ple, Bollerslev, Tauchen, and Zhou (2009) find that VRP is significantly and positively related to
one-quarter ahead aggregate stock market returns. Bali and Hovakimian (2009) find significantly
positive cross-sectional relation between the VRP and one-month ahead returns on individual s-
tocks. Bali and Zhou (2015) find that equity portfolios that are highly correlated with VRP carry a
3For Japan, the Center for the Study of Finance and Insurance (CSFI), Osaka University updates the data of implied
volatility index (VXJ) daily. Hence, there is no opening and closing dissemination timings for VXJ and we use the
trading hours of Nikkei 225 index as proxy.
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significant annualized 8% premium relative to portfolios that are minimally correlated with VRP.
In untabulated tables, we find that VRP is a significant positive predictor for the Chinese day-
time stock returns as well, consistent with the prior studies. However, we find that the correlation
between VRP and ∆VIX is low, only of −0.09, indicating that VRP and ∆VIX contain different
volatility risk information. In this paper, we focus on ∆VIX, which is easier to obtain and calculate
at the daily frequency and is relatively more powerful in forecasting Chinese stock market return.4
As a comparison with the international volatility risk, we also test the predictability of Chinese
domestic realized volatility. We calculate the daily realized volatility for the Shanghai stock market
(RV SH) by summing the squared five-minute intraday returns. In the robustness check, we also
calculate the daily changes of RV SH (∆RV SH) and the daily unexpected changes of RV SH (URV SH)
defined as RV SHt −Et−1(RV SHt ), in which the Et−1(RV SHt ) is generated using AR(1) model for
daily RV SH . The high frequency return data is obtained from Yingda Securities Co. Ltd. The data
sample extends from January 4, 2003 to September 30, 2013.
[Insert Table 2 about here]
Table 2 reports the summary statistics. Panel A shows that the average daily close-to-close
return on Chinese SSE market portfolio index is 0.019%, which corresponds to an annualized
average return of 4.61%. The standard deviation of daily close-to-close returns is 1.66%. The
skewness and kurtosis statistics are −0.25 and 6.49, respectively, which indicate a left-skewed and
leptokurtic distribution for Chinese daily close-to-close returns.
In addition, Panel A documents a significant daily return reversal: large negative returns from
close-to-open and large positive returns from open-to-close. The average close-to-open overnight
returns and open-to-close daytime returns are −0.065% and 0.085%, respectively. The large neg-
ative overnight returns and positive daytime returns are statistically significant, based on Newey
and West (1987) t-statistics. This finding is in sharp contrast to the evidence of positive overnight
return in US market as reported in Berkman, Koch, Tuttle, and Zhang (2012).
Panel A also provides descriptive statistics for the Chinese domestic volatility measures and
4The detailed empirical results on variance risk premium (VRP)’s predictive power for Chinese stock market are
available upon request.
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the seven international volatility risk measures. The average Chinese realized volatility for Shang-
hai stock market is 0.468%, which corresponds to an annualized volatility of 7.49%. The distri-
bution for realized volatility is skewed to right and shows heavy-tails. The average internation-
al volatility innovations range from a low of −5.30E-07 for the Hongkong market to a high of
−1.19E-05 for the Euro zone.
Panel B of Table 1 reports the correlation matrix for the Chinese volatility measures and the
seven international volatility innovations. The correlation coefficients range from −0.07 between
Chinese domestic volatility risk (RV SH and URV SH) and ∆VIX to 0.98 between RV SH and URV SH .
Evidently, the Chinese domestic volatility has low correlations with the international volatility
innovations.
3. In-sample Performance
3.1. Predictive Power of International Volatility Risks
In this section, we use the standard predictive regression framework to test the forecasting power
of international volatility risk innovations for the future daily Chinese excess stock returns,
R kt+1 = α+β IV
j
t + εt+1 k = SH, SH-D, SH-N , (1)
where R SHt+1, R
SH-D
t+1 , and R
SH-N
t+1 are the daily close-to-close returns, open-to-close daytime returns,
and close-to-open overnight returns on Shanghai stock exchange (SSE) index at time t + 1, re-
spectively; IV jt denotes the innovation in specific international implied volatility index at time t,
including ∆VIX, ∆VFTSE, ∆VCAC, ∆VDAX, ∆VSTOXX, ∆VXJ, and ∆VSHI.
[Insert Table 3 about here]
Table 3 reports the in-sample results, including estimated values of regression slope coeffi-
cients, Newey and West (1987) t-statistics, and R2 statistics for the univariate predictive regression
(1). The in-sample predictability is typically tested by inspecting the Newey and West (1987)
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t-statistic corresponding to βˆ , the regression estimate of β in model (1). The null hypothesis is
that the international volatility innovations have no predictability, i.e. β = 0, and hence regression
model (1) reduces to the constant expected return model (R kt+1 = α+ εt+1). Under the alternative
hypothesis, β is different from zero, and that is to say, the predictors contain information useful
for forecasting the future stock return R kt+1. A time-varying expected excess return model applies.
Panel A presents in-sample estimation results for the Chinese close-to-close daily stock re-
turns. Most international volatility innovations (except for the ∆VHSI) generate negative regres-
sion coefficients, ranging from a low of −1.34 for ∆VFTSE to a high of 0.24 for ∆VHSI. The
statistical significance for these estimates varies across different markets. The regression coef-
ficient for ∆VIX is significant at the 1% level; at the 5% level for the ∆VFTSE, ∆VCAC, and
∆VDAX; while β estimates for ∆VSTOXX, ∆VXJ, and ∆VHSI are insignificant.
Panel B investigates the predictability of international volatility innovations for the Chinese
open-to-close daytime returns. Clearly, only ∆VIX shows a significant predictive power for the
Chinese daytime returns. The regression coefficient β is 0.98 and statistically significant at the
5% level based on the Newey and West (1987) t-statistics. Remarkably, our result implies that
the risk-return tradoff between Chinese open-to-close daytime returns and ∆VIX is positive. In
addition, the forecasting power of ∆VIX for the Chinese daytime stock returns are economically
large. According to the β estimate of ∆VIX in Panel B, 0.1% increase in ∆VIX (nearly a one
standard deviation change) predicts 0.098% growth in the expected Chinese open-to-close return
for the next trading day. This result is even larger than the average Chinese daytime return over the
sample period (0.085%) displayed in Table 2, and indicates strong economic significance.
Due to the large unpredictable component inherent in stock returns, the R2 statistics of stock
return forecasts are typically small. For example, using the daily VIX data, Bali and Peng (2006)
find an adjusted R2 of 0.43% for the S&P 500 index returns. As a comparison, our regression
model based on ∆VIX generates a R2 statistic of 0.58%. That is to say, the innovation in VIX is
able to explain 0.58% of the daily variation of Chinese open-to-close daytime returns. This result
again indicates an economically large predictability of the ∆VIX for the Chinese open-to-close
returns. However, the other six international volatility innovations’ predictability for Chinese day-
time returns is quite weak, as the β estimates are statistically insignificant and the corresponding
9
R2 statistics are small.
Panel C of Table 3 shows results for the contemporaneous effect of international volatility
innovations on Chinese close-to-open overnight returns. We can see that β estimates of most inter-
national volatility innovations are negative, ranging from −2.28 for ∆VIX to −0.23 for ∆STOXX,
and statistically significant at the 5% or better level according to the Newey and West (1987) t-
statistics. The only exception is ∆VXJ with insignificant and positive estimate. The R2 statistics
are large for most of the international volatility innovations. The maximum is 20.35% for the
∆VIX. This indicates that the variations of overnight returns on Chinese stock market are highly
affected by the information in the US volatility risk.
Theoretically, our empirical results are generally consistent with the ICAPM or conditional
asset pricing models. Campbell (1993, 1996) provides a two-factor intertemporal capital asset pric-
ing model (ICAPM) in which an unexpected increase in market volatility represents deterioration
in the investment opportunity set or a decrease in optimal consumption. In this setting, a positive
covariance of returns with volatility shocks (or innovations in market volatility) predicts a lower
return on the stock. In the context of Campbell’s ICAPM, an increase in market volatility predicts
a decrease in optimal consumption and hence an unfavorable shift in the investment opportunity
set. Risk-averse investors will demand more of a stock the more positively correlated its return
is with changes in market volatility because they will be compensated by a higher level of wealth
through the positive correlation of the returns. That stock can be viewed as a hedging instrument.
In other words, an increase in the covariance of returns with volatility risk leads to an increase in
the hedging demand, which, in equilibrium, reduces the expected return on the stock.
In his seminal paper, Merton (1973) shows that the conditional excess return on the market
portfolio Rm is related to its conditional variance as well as the conditional covariance between
excess market returns and the innovations in state variables that affect the stochastic investment
opportunity set:
E(Rm, t |Ωt−1) = β ·Var(Rm, t |Ωt−1)+ γ ·Cov(Rm, t , Xt |Ωt−1), (2)
where Rm, t is the excess return on the market portfolio m, Xt is the innovation in a state variable
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(e.g., ∆VIX in our case), Var(Rm, t |Ωt−1) and Cov(Rm, t , Xt |Ωt−1) are, respectively, the time-t con-
ditional variance of the market and the time-t conditional covariance between excess market return
and ∆VIX conditioned on the information set up to time t− 1. Eq. (2) states that in equilibrium,
investors are compensated in terms of expected return, for bearing market (systematic) risk, and
for bearing the risk of unfavorable shifts in the investment opportunity set (e.g., increase in market
volatility).5
Ang, Hodrick, Xing, and Zhang (2006) test whether the exposure of individual stocks to
changes in market volatility predict cross-sectional variations in future stock returns. They first
estimate the exposure of individual stocks to changes in the S&P 100 index option implied volatil-
ity (VXO). Then, they sort stocks into quintile portfolios based on these implied volatility betas.
They find a negative cross-sectional relation between the volatility betas and future stock returns;
that is, stocks with higher (lower) exposure to changes in the VXO generate lower (higher) returns
the next month. Bali and Engle (2010) investigate the significance of a negative market volatili-
ty risk premium in the conditional ICAPM framework (an extended version of Eq. (2)) and find
that equity portfolios with higher conditional covariance with changes in expected future market
volatility yield lower expected returns. Bali and Engle (2010) also provide a significantly posi-
tive time-series relation between ∆VXO and one-day ahead returns on the aggregate stock market
portfolio.6
3.2. Comparison with Chinese Domestic Realized Volatility
In this subsection, we compare the forecasting power of international volatility risk with Chinese
domestic volatility risk, and investigate whether the forecasting power of international volatility
innovations is driven by this omitted predictor.
As a physical measure of the stock market volatility, the realized volatility is known to fore-
cast future excess stock returns (Bali and Peng (2006) and Rossi and Timmermann (2011)). To
5Bali (2008) extends Equation (2) to the cross-section of equity portfolios using time-varying conditional covari-
ances of equity portfolios with the market and a large set of macroeconomic and financial factors.
6An, Ang, Bali, and Cakici (2014) provide evidence for a significantly positive (negative) cross-sectional relation
between the change in call (put) implied volatility and future stock returns.
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compare the international volatility innovations with the Chinese domestic realized volatility, we
first consider the univariate predictive regression model,
R kt+1 = α+ψ RV
SH
t + εt+1 k = SH, SH-D, SH-N , (3)
where RV SHt denotes the daily realized volatility for Shanghai stock market at period t.
[Insert Table 4 about here]
Table 4 reports the estimation results for regression (3) over the period from January 4, 2003
to September 30, 2013. As is shown in Panel A, for the close-to-close daily stock returns, the
regression coefficient ψ of Chinese domestic realized volatility is 0.16, so that it is a positive
predictor for the future Chinese excess stock returns. The positive predictive relationship is sta-
tistically significant at the 10% level, according to the Newey and West (1987) t-statistics. Thus,
there is a significant positive risk-return tradeoff between the realized volatility and the Chinese
stock market returns.
During the past two decades, there is little consensus on the basic properties of the relation
between expected returns and stock market risk. The classical intertemporal CAPM (ICAPM)
model of Merton (1980) implies that the excess stock return should be positively and proportional-
ly related to the market volatility (see also Pindyck (1984)). However, empirical results are mixed.
In terms of daily data, Bali and Peng (2006) find a positive tradeoff between the aggregate stock
market returns and realized volatility; while Ang, Hodrick, Xing, and Zhang (2006) and Chang,
Christoffersen, and Jacobs (2013) show a negative relation between firm-level equity returns and
innovations in VIX. Our finding of positive risk-return relation is largely consistent with the the-
oretical model of Merton (1980) and the empirical evidence in Bali and Peng (2006). In addition,
Panel B shows that the Chinese domestic realized volatility also positively forecasts future daytime
stock returns, and the beta estimate is statistically significant at the 5% level. The corresponding
R2 is as large as 0.59%. Panel C shows that Chinese domestic realized volatility negatively and
significantly predicts close-to-open overnight returns but with smaller R2 of 0.28%.
Next, we analyze the incremental forecasting power of international volatility risks measured
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by innovations in implied volatility indexes using the following bivariate predictive regressions,
with focus on the regression coefficient β of specific international volatility innovation
R kt+1 = α+β IV
j
t +ψ RV SHt + εt+1 , k = SH, SH-D, SH-N . (4)
Table 4 reports the forecasting results. Panel A shows that, for the close-to-close daily returns,
the β estimates of ∆VIX, ∆VFTSE, ∆VCAC, and ∆VDAX are significant at the 5% or better
levels when pitted against Chinese domestic realized volatility. However, as exhibited in Panel
B, only ∆VIX remains the predictive power when forecasting the open-to-close daytime returns.
The β estimate is 1.06 and significant at the 5% level according to the Newey and West (1987) t-
statistics. In addition, the R2 for ∆VIX in Equation (4) are substantially larger than that in (3) based
on the Chinese domestic realized volatility alone. This indicates that the ∆VIX contains sizable
complementary forecasting information beyond what is contained in the Chinese domestic realized
volatility. For the overnight returns displayed in Panel C, the β estimates of most international
volatility innovations are significant at the 10% level at least.
Our bivariate regression results are consistent with those of univariate regressions in Table
3. Specifically, only the US ∆VIX is able to positively forecast the future Chinese open-to-close
daytime returns, and this predictability is statistically and economically strong after controlling for
Chinese domestic realized volatility. In contrast, the Chinese overnight returns negatively react to
international volatility risk and Chinese domestic realized volatility.
3.3. Comparison with Alternative Chinese Volatility Risk Measures
In this subsection, we compare the predictive power of international volatility innovations with
alternative Chinese market volatility risk proxies.
First, we compare with the daily changes of Chinese realized market volatility (∆RV SH). We
conduct bivariate predictive regressions,
R SH-Dt+1 = α+β IV
j
t +ψ ∆RV SHt + εt+1 . (5)
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Panel A of Table 5 reports the forecasting results for daily open-to-close daytime returns.7 Con-
sistent with results in Table 4, after controlling for the ∆RV SH , the β estimate of ∆VIX is still
statistically significant at the 5% level. It indicates the US stock market volatility risk indeed con-
tains additional information beyond that of Chinese domestic market volatility risk. For volatility
risks of the other six international markets, the estimates are insignificant.
[Insert Table 5 about here]
Second, we compare with daily unexpected changes of Chinese realized market volatility
(URV SH) defined as RV SHt −Et−1(RV SHt ), in which the Et−1(RV SHt ) is generated using a first order
autoregressive model, AR(1), for daily realized volatility. We conduct bivariate predictive regres-
sions,
R SH-Dt+1 = α+β IV
j
t +ψURV SHt + εt+1 . (6)
According to Panel B of Table 5, our prior conclusion still holds and the US stock market volatility
provides incremental forecasting information for the Chinese stock market returns beyond that of
the unexpected Chinese domestic volatility risk.
3.4. Comparison with Alternative Return Predictors
In this subsection, we check the robustness of the predictive power of international volatility risks
with various alternative Chinese stock market return predictors.
First, we control for the lagged returns on Chinese stock market (see studies of Bali, Demirtas,
and Levy (2009) and others who use lagged stock returns as control variables). In an unreported
table, we find ∆VIX still positively forecasts the Chinese daytime returns and negatively affects the
overnight returns after controlling for lagged Chinese stock market returns. For other international
volatility innovations, the predictability for Chinese daytime returns is weak, similar to the results
as reported in Table 3 and Table 4.
7To save space, we only report the forecasting results for the daily open-to-close daytime returns. Results for close-
to-close returns and close-to-open overnight returns are consistent with those in Table 4, which are available upon on
the request.
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Second, we consider the lagged returns on international stock market, especially the US stock
returns. Rapach, Strauss, and Zhou (2013) find that the US aggregate stock market returns can
forecast the international stock market. Jordan, Vivian, and Wohar (2014) show that market return
indexes from countries that China net imports from can forecast the Chinese aggregate stock mar-
ket return. Therefore, following Jordan, Vivian, and Wohar (2014), we construct the international
stock index returns, which is obtained from Datastream. Our unreported results show that the pre-
dictive power of ∆VIX for Chinese daytime returns is robust when controlling for the lagged US
and international stock market returns.
Third, we compare the forecasting power of international volatility innovations with a number
of economic predictors for both US and China, and investigate whether the forecasting power of
∆VIX is driven by omitted economic variables related to business cycle fundamentals. Many pa-
pers argue that macroeconomic variables associated with business cycle fluctuations can predict the
stock market return, e.g., Welch and Goyal (2008), Campbell and Thompson (2008), and Rapach,
Strauss, and Zhou (2010). Goh, Jiang, Tu, and Wang (2013) find that both US and Chinese eco-
nomic variables can forecast the future Chinese stock market return. The US economic variables
are downloaded from Amit Goyal’s website, and the Chinese economic variables are constructed
according to Goh, Jiang, Tu, and Wang (2013). The results are similar as those in Table 3 and
Table 4. The predictive power of ∆VIX for Chinese daytime returns is still strong after controlling
for economic variables.
3.5. The Dominate Role of US Volatility Risk, ∆V IX
In this subsection, we test the dominate role of US volatility risk in forecasting the Chinese stock
market relative to other international volatilities. Given that US is the world largest economy, other
international volatility innovations may reflect similar economic information as in the US market.
Hence, we construct the following regressive model,
R kt+1 = α+β ∆V IXt +φ IV
j
t + εt+1 , k = SH, SH-D, SH-N , (7)
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where IV jt denotes other international volatility innovations except for ∆VIX, including ∆VFTSE,
∆VCAC, ∆VDAX, ∆VSTOXX, ∆VXJ, and ∆VSHI.
[Insert Table 6 about here]
Panel A, B and C of Table 6 present forecasting results for close-to-close daily returns, open-
to-close daytime returns, and close-to-open overnight returns, respectively. Clearly, in all three
panels, the β estimates of ∆VIX are significant at the 10% level at least; while φ estimates of other
international volatility innovations are insignificant, with only one exception for the ∆VFTSE in
Panel C which is significant at the 10% level.
Therefore, the US volatility risk ∆VIX shows a robust predictability for the Chinese daily
stock returns and its overnight and daytime subcomponents after controlling for other internation-
al volatility innovations. Our results also indicate a dominant role of the US market played in
forecasting the Chinese stock returns. This finding is consistent with the existing literature. For
example, Eun and Shim (1989) and Bessler and Yang (2003) find that the information in the US
market has the strongest influence on other markets. Rapach, Strauss, and Zhou (2013) identify
a leading role for the United States: lagged US returns significantly predict returns in numerous
non-US industrialized countries, while lagged non-US returns display limited predictive ability
with respect to US returns.
4. Out-of-sample Performance
4.1. Out-of-sample Forecasts
Although the in-sample analysis provides more efficient parameter estimates and thus more precise
return forecasts by utilizing all available data, Welch and Goyal (2008), among others, argue that
out-of-sample tests seem to be a more relevant standard for assessing genuine return predictability
in real time, which implicitly examine the stability of the data-generating process and guard against
in-sample over-fitting.
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Following Campbell and Thompson (2008) and Welch and Goyal (2008), we start with an
initialization period of 2003:01 to 2007:12 and estimate the predictive regression (1) for the day-
time Chinese stock returns to produce the first out-of-sample forecast on January 2008. We then
expand the estimation window and repeat the above steps to obtain out-of-sample forecasts for the
next period and continue in this way until we reach the end of the sample period. Therefore, the
out-of-sample forecast evaluation period spans 2008:01 to 2013:09. The length of the initial in-
sample estimation period balances having enough observations for precisely estimating the initial
parameters with the desire for a relatively long out-of-sample period for forecast evaluation.8
We employ the widely used Campbell and Thompson (2008)’s R2OS statistic and Clark and
West (2007)’s MSFE-adjusted statistic to evaluate the out-of-sample forecasts. The R2OS statistic is
given as follow,
R2OS = 1−
∑T−1t=n
(
R SH-Dt+1 − R̂ SH-Dt+1
)2
∑T−1t=n
(
R SH-Dt+1 − R¯ SH-Dt+1
)2 , (8)
where R SH-Dt+1 is the actual Chinese daytime stock return, R̂
SH-D
t+1 is the forecasted Chinese daytime
stock return based on regression (1), and R¯ SH-Dt+1 is the historical average benchmark. The R
2
OS
statistic lies in the range (−∞, 1]; when R2OS > 0, the predictive regression forecast R̂ SH-Dt+1 out-
performs the historical average R¯ SH-Dt+1 in term of mean squared forecasting errors (MSFE). We
use Clark and West (2007)’s MSFE-adjusted statistic to test the null hypothesis that the historical
average MSFE is less than or equal to that of the predictive regression forecast against the one-
sided (upper-tail) alternative hypothesis that the historical average MSFE is greater than that of the
predictive regression forecast, corresponding to H0: R2OS ≤ 0 against HA: R2OS > 0.
[Insert Table 7 about here]
Panel A of Table 7 presents the out-of-sample forecasting performance of Chinese domestic
realized volatility for the daytime open-to-close Shanghai stock market returns over the 2008:01 to
2013:09 forecast evaluation period. As is shown, the Chinese domestic realized volatility (RV SH)
8Hansen and Timmermann (2012) and Barbara and Inoue (2012) show that out-of-sample tests of predictive ability
have better size properties when the forecast evaluation period is a relatively large proportion of the available sample,
as in our case.
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generates a positive R2OS of 0.45%, which is statistically significant at the 10% level according to
the MSFE-adjusted statistics. When we use the daily changes of RV SH (∆RV SH) as the Chinese
volatility risk proxy, the R2OS is still positive but statistically insignificant.
Panel B reports the out-of-sample performance of seven international volatility innovation-
s. We can see that only ∆VIX produces a positive R2OS statistic of 0.49% over the out-of-sample
forecast evaluation period. The positive R2OS of ∆VIX is economically sizable and statistically sig-
nificant according to the MSFE-adjusted statistic. That is to say, the predictive regression forecasts
based on ∆VIX produce a substantially smaller MSFE than the historical average benchmark. In
particular, ∆VIX generates a larger R2OS than that of the Chinese domestic realized volatility. We
hence conclude that ∆VIX presents a superior real-time forecasting power for Chinese daytime
stock returns, which is consistent with the in-sample evidence in Table 3.
In untabulated tables, we test ∆VIX’s out-of-sample predictability over the post-subprime
crash sub-sample periods from July 2009 through September 2013. We find that the out-of-sample
R2OS of ∆VIX for the daytime returns is 0.25%, with statistical significance at the 10% level. Hence,
∆VIX has significant predictive power during the post-crash period, but the predictability is smaller
than that over the longer sample period from January 2008 to September 2013 including subprime
crash (0.49% as reported in Table 7). This finding is consistent with Rapach, Strauss, and Zhou
(2013), among others, that economic variables have better predictive power in recessions. Theoreti-
cally, Cujean and Hasler (2015) recently build an equilibrium model and argue that counter-cyclical
investor disagreement helps to explain why time series return predictability is mainly concentrated
in bad times.
4.2. Asset Allocation Implications
Next, following Kandel and Stambaugh (1996), Campbell and Thompson (2008), Ferreira and
Santa-Clara (2011), among others, we evaluate the economic value of Chinese stock market fore-
casts based on the international volatility risk innovations from an asset allocation perspective.
We consider a mean-variance investor who optimally allocates across equities and risk-free
bills using the predictive regression forecasts. During each non-trading overnight time in the Chi-
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nese stock market, the investor recursively forecasts the next open-to-close daytime return based on
international volatility innovations. Then, he uses the forecasts to make asset allocation decisions
across risky Chinese stocks and risk-free bills at the opening time of each trading day. The investor
holds the portfolio until he rebalances his portfolio at the end of the trading day. The weights of
equities in the portfolio is determined by
wt =
1
γ
R̂ SH-Dt+1
σ̂2t+1
(9)
where γ is the risk aversion coefficient, R̂ SH-Dt+1 is the out-of-sample forecast of Chinese open-to-
close daytime return, and σ̂2t+1 is the forecast of its variance. The investor then allocates 1−wt of
the portfolio to risk-free bills, and the realized portfolio return (R pt+1) at time of t+1 is
R pt+1 = wt R
SH-D
t+1 +R
f
t+1 , (10)
where R ft+1 is the gross risk-free return. Following Campbell and Thompson (2008), we assume
that the investor uses a five-year moving window of past daily open-to-close returns to estimate the
variance of future stock daytime returns, and constrain wt to lie between 0 and 1.5 to exclude short
sales and at most 50% leverage. To examine the effect of risk aversion, we consider portfolio rules
based on risk aversion coefficient (γ) of three and five, respectively.
We evaluate the asset allocation performance according to the certainty equivalent return-
s (CER) gain of Campbell and Thompson (2008), the manipulation-proof performance measure
(MPPM) gain of Goetzmann et al. (2007), and Sharpe ratios. The CER of portfolio is
CERp = µ̂p−0.5γ σ̂2p , (11)
where µ̂p and σ̂2p are the sample mean and variance, respectively, for the investor’s portfolio over
the forecast evaluation period. The CER can be interpreted as the risk-free return that an investor
is willing to accept instead of adopting the given risky portfolio. The CER gain is the difference
between the CER for the investor who uses a predictive regression forecast of daytime return and
the CER for an investor who uses the historical average forecast. We multiply this difference by
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256 so that it can be interpreted as the annual portfolio management fee that an investor would be
willing to pay to have access to the predictive regression forecast instead of the historical average
forecast.
The MPPM of the portfolio is
MPPMp =
1
(1−λ )∆ t ln
[
1
T
T
∑
t−1
(
1+Rp
1+R f
)1−λ]
, (12)
where λ is set to reflect the overall reward (return) to risk (variance) ratio for Chinese stock market
based upon the actual sample data, ∆ t is the length of time between observations, and T is the total
number of observations. MPPM is an estimate of the portfolio’s premium return after adjusting
for risk. That is, the portfolio has the same score as does a risk-free asset whose continuously-
compounded return exceeds the interest rate by the amount of MPPM. The MPPM gain is the
difference between the MPPM for the investor who uses a predictive regression forecast of daytime
return and the MPPM for an investor who uses the historical average forecast.
[Insert Table 8 about here]
Table 8 reports the asset allocation performance under risk aversion coefficients of three and
five, respectively. Four predictors (RV SH , ∆VIX, ∆VHSI, and ∆VXJ) generate positive certainty
equivalent return (CER) gains, when comparing with the benchmark average utility of historical
average forecast. In particular, the predictive regression forecasts based on ∆VIX produce eco-
nomically sizable CER gains vis-a´-vis the historical average benchmark; and the ∆VIX produces
CER gains of 2.17% and 1.30% when the risk aversion coefficient is three and five, respectively,
suggesting that the investor with risk aversion coefficient of three (five) would be willing to pay
an annual management fee up to 217 (130) basis points to have access to the competing forecasts
based on ∆VIX relative to the historical average benchmark. The CER gains generated by ∆VIX
are even larger than those of these Chinese domestic realized volatility. Our finding is robust for
the manipulation-proof performance measure (MPPM). When the MPPM is applied, RV SH , ∆VIX,
∆VHSI, and ∆VXJ again generate positive utility gains, and ∆VIX stands out from all international
volatility risk measures with large MPPM gains of 219 and 133 basis points under risk aversions of
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three and five, respectively. In addition, the forecasts based on ∆VIX produce large Sharpe ratios
of 0.06, which is much larger than that of historical average benchmark (0.02).
5. Economic Explanation
5.1. Link to Chinese Market Volatility Risk
In this section, we explore the economic underpinning on why international volatility risk can fore-
cast Chinese stock market returns. We first explore the link between international volatility risks
with Chinese domestic market volatility risk. Merton (1980) and French, Schwert, and Stambaugh
(1987) show that higher stock market volatility implies higher market risk, leading to higher risk
premium for next period. It is thus possible that the predictability of international volatility risks
is due to the fact that they reflect the time variation in expected Chinese domestic stock market
volatility risk.
We run the predictive regression
RV SHt+1 = α+β IV
j
t +ζ RV SHt + εt+1 , (13)
where RV SHt+1 is the daily realized volatility for Shanghai stock market at time t + 1; IV
j
t repre-
sents the innovation in specific international volatility index at time t, including ∆VIX, ∆VFTSE,
∆VCAC, ∆VDAX, ∆VSTOXX, ∆VXJ, and ∆VSHI; RV SHt denotes the time lagged Chinese do-
mestic realized volatility at period t.
[Insert Table 9 about here]
Table 9 reports the estimation results, including estimated values of regression slope coeffi-
cients, Newey and West (1987) t-statistics, and R2 statistics for the bivariate predictive regression
(13). We are interested in the slope β in (13). Given that ∆VIX is positively associated with
Chinese daytime stock market return in Table 3, the volatility risk-based argument implies that
high ∆VIX should predict high Chinese stock market volatility and thus high market risk, which
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in turn increases the equity risk premium. As is shown in Table 9, the β estimate of ∆VIX is 0.43,
which is statistically significant at the 5% level. Thus, our empirical results support the volatility
risk spillover hypothesis that the high international volatility risks result in high Chinese domestic
market risk, which may drive the international volatility risk’s predictive power for future Chinese
stock market return.
5.2. Links to Chinese Macroeconomic Condition and Market Liquidity
Next, we examine whether the Chinese macroeconomic condition or market liquidity helps to
explain the strong predictive power of international volatility risk, particularly US market ∆VIX.
First, we examine the effect of macroeconomic condition, which tends to generate counter-
cyclical risk premiums. Specifically, since investors tend to request higher risk premium over bad
macroeconomic condition, ∆VIX’s positive predictability for Chinese daytime return may plausi-
bly due to that ∆VIX proxies for deteriorating Chinese macroeconomic condition. In Panel A of
Table 10, we employ the 3-month, 6-month, and 1-year Chinese treasure yields as the measures of
Chinese daily macroeconomic condition, and run the predictive regression
Yt+1 = α+β ∆V IXt + εt+1 , (14)
where Yt+1 represents the Chinese daily three-month, six-month, and one-year treasury yields at
time t + 1; ∆V IXt is the US market volatility innovation at time t. This test is consistent with
Cochrane (2007) that return predictability is more likely related to macroeconomic risk if the return
predictor demonstrates an ability to forecast future economic condition.
[Insert Table 10 about here]
Panel A of Table 10 reports the estimation results for the bivariate predictive regression (14),
including estimated values of regression slope coefficients, Newey and West (1987) t-statistics,
and R2 statistics. We find that ∆VIX’s forecasting power for Chinese daily treasury yields is in-
significant, suggesting that ∆VIX’s return predictability is not likely driven by its link to Chinese
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macroeconomic condition, inconsistent with the macroeconomic risk hypothesis.
Second, we examine the effect of market liquidity. Amihud (2002) shows that unexpected
market illiquidity is negatively related to contemporaneous stock returns, while expected market
illiquidity positively affects expected stock returns. Hence, ∆VIX’s return predictability may be
due to that high ∆VIX results in panic selling and reduced market liquidity in Chinese stock market,
which leads to negative contemporaneous overnight return and positive daytime expected return
(liquidity premium). In Panel B of Table 10, we use the daily changes of the aggregate Chinese
stock market turnover, trading volume, and Amihud illiquidity measure as our proxies for Chinese
stock market liquidly. Turnover is inversely related to the investor’s holding period and illiquidity
in Amihud and Mendelson (1986). Trading volume is inversely related to time required to fill an
order or to trade a large block of shares and illiquidity in Chordia, Subrahmanyam, and Anshuman
(2001). Amihud illiquidity measure indicates price impact per order flow and illiquidity (Amihud,
2002). All of them are standard measures in the literature in measuring market liquidity.
Panel B of Table 10 reports the estimation results for the bivariate predictive regression (14),
with the dependent variable Yt+1 represents one of the three Chinese aggregate stock market liq-
uidity measure at time t +1. Therefore, we are interested to see whether ∆VIX positively predicts
Chinese daytime return through the channel of reducing market liquidity. Empirically, ∆VIX is
significantly related to all of the three measures on Chinese market liquidity, with β estimates that
are consistent with the theoretical prediction. More specifically, the β estimates of turnover and
trading volume are negative and statistically significant at the 5% and 10% levels, respectively,
while the β estimate of Amihud illiquidity is positive and statistically significant at the 5% level.
The findings suggest that high ∆VIX indeed results in reduced market liquidity in Chinese market,
which may in turn lead to high expected return as a compensation, consistent with the asset pricing
implications of Amihud (2002).
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6. Robustness Check for Shenzhen Stock Market
In this section, we repeat our above analysis for the Shenzhen stock market.9 The average Shen-
zhen open-to-close daytime stock return is 0.124% and the corresponding standard deviation is
1.73%, which are larger than those of Shanghai stock market as exhibited in Table 2.
[Insert Table 11 about here]
Panel A of Table 11 presents the out-of-sample performance for the Shenzhen stock market
over the 2008:01 to 2013:09 forecast evaluation period. As is shown, the Chinese domestic real-
ized volatility generates a positive R2OS of 1.17%, which is statistically significant at the 1% level
according to the MSFE-adjusted statistics, even larger than the Shanghai market results reported
in Table 7. In addition, among all the seven international volatility risk innovations, ∆VIX is the
only predictor that produces a positive R2OS of 0.62% over the out-of-sample forecast evaluation
period. The R2OS of ∆VIX is economically sizable and statistically significant according to the
MSFE-adjusted statistic, which is in line with our results for the Shanghai stock market in Table 7.
Panel B of Table 11 presents the asset allocation performance for the Shenzhen stock market.
Three predictors (RV SZ , ∆VIX, and ∆VHSI) generate positive certainty equivalent return (CER)
gains. The ∆VIX delivery positive and sizable CER gains of 338 basis points, indicating superior
economic value of the return predictability based on US volatility risk ∆VIX. The return forecasts
based on the ∆VIX also produce a large Sharpe ratio of 0.10 and our results are robust for alterna-
tive performance metrics such as the manipulation proof performance measure (MPPM) gains.
7. Conclusion
This paper examines whether the international volatility risks contain forecasting information for
the time variation of daily Chinese stock market returns. We use daily innovations in seven in-
ternational implied volatility indexes, including US, UK, France, Germany, Euro zone, Japan and
9The in-sample results for Shenzhen stock market are consistent with those for the Shanghai stock market. To save
space, we do not report these in-sample forecasting results, but they are available upon request.
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Hongkong markets, to proxy for international market volatility risks. We find that internation-
al volatility risks are negatively and significantly associated with contemporaneous Chinese daily
overnight stock market returns, while positively forecast next-day Chinese daytime stock returns.
The US volatility risk (∆VIX) is particularly powerful in forecasting Chinese daytime stock
returns, and plays a dominant role relative to the other six international volatility measures. High
US volatility risk (∆VIX) will lead to high Chinese open-to-close daytime stock returns, and the
strong predictability of ∆VIX remains robust after controlling for Chinese domestic volatility risk
proxies, other international volatilities, and alternative predictors documented in the literature. Our
additional out-of-sample analysis shows that forecasts based on ∆VIX produces a positive and sig-
nificant R2OS of 0.49% and a large CER gain 217 basis points under risk aversion coefficient of
three, suggesting that ∆VIX outperforms the historical average benchmark in real-time. Econom-
ically, we find that high ∆VIX forecasts high next-day Chinese domestic stock market volatility,
low trading activity, and low market liquidity, suggesting that both risk-based ICAPM and liquidity
risk help to explain the positive intertemporal predictive power of ∆VIX for Chinese daytime stock
return.
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Table 1. Implied Volatility Indexes and Trading Timings
This table presents the implied volatility indexes, corresponding exchanges, and the local and GMT dissemination
timings for the implied volatility indexes in seven international markets given in the first column, including US, UK,
France, Germany, Euro zone, Japan and Hong Kong. For the European markets, the local time is the Central European
Time (CET). With respect to the Chinese market, the SSE and SZSE indexes represent the Shanghai stock exchange
component index and Shenzhen stock exchange component index, respectively.
Local Time GMT
Market Index Exchange Open Close Open Close
China SSE Index Shanghai Stock Exchange 9:30 15:00 1:30 7:00
China SZSE Index Shenzhen Stock Exchange 9:30 15:00 1:30 7:00
US VIX CBOE 9:30 16:15 15:30 22:15
UK VFTSE NYSE Euronext 9:00 18:00 8:00 17:00
France VCAC NYSE Euronext 9:05 17:35 8:05 16:35
Germany VDAX Deutsche Bo¨rse 9:15 17:30 8:15 16:30
Euro zone VSTOXX STOXX Limited 9:15 17:30 8:15 16:30
Japan VXJ CSFI, Osaka University 9:00 15:00 0:00 6:00
Hong Kong VHSI Hong Kong Exchange 9:30 16:00 1:30 8:00
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Table 2. Summary Statistics
Panel A reports the mean, standard deviation (Std. Dev.), skewness (Skew.), kurtosis (Kurt.), minimum (Min.),
maximum (Max.), first-order autocorrelation coefficient (AR(1)), Newey and West (1987) t-statistics (NW- t), and
Sharpe ratios (SR) of the daily close-to-close returns (RSH ), open-to-close daytime returns (RSH-D), and close-to-open
overnight returns (RSH-N) on Shanghai stock exchange (SSE) index, respectively. Panel A also presents summary s-
tatistics for the Chinese domestic realized volatility (RV SH ), daily changes of RV SH (∆RV SH ), and unexpected changes
of RV SH (URV SH ) based on the SSE index, and daily innovations in seven international implied volatility indexes.
Panel B presents the correlation matrix for Chinese domestic realized volatility and international volatility innovation-
s. The sample period extends from January 4, 2003 through September 30, 2013. All data is reported in percentage
form.
Panel A: Descriptive statistics
Mean Std. Dev. Skew. Kurt. Min. Max. AR(1) NW- t SR
RSH 0.019 1.66 −0.25 6.49 −9.26 9.03 0.004 0.76 0.01
RSH-D 0.085 1.53 −0.23 5.95 −9.53 7.86 −0.08 2.97 0.05
RSH-N −0.065 0.68 1.82 38.99 −5.88 8.67 0.03 −4.42 −0.10
RV SH 0.468 0.57 4.26 37.28 6.40E-04 7.94 0.27
∆RV SH 1.81E-04 0.67 0.09 13.61 −0.05 0.05 −0.52
URV SH −6.32E-06 0.52 3.22 20.86 −0.01 0.05 −0.03
∆VIX −2.05E-04 0.11 0.59 22.99 −1.09 1.04 −0.15
∆VFTSE −3.76E-04 0.11 −0.78 52.22 −1.91 1.41 −0.13
∆VCAC −5.16E-04 0.12 0.88 35.28 −1.30 1.78 −0.08
∆VDAX −5.97E-04 0.10 1.52 26.99 −0.95 1.38 0.07
∆VSTOXX −1.19E-03 0.25 −1.82 40.04 −3.74 1.95 −0.22
∆VXJ −6.85E-04 0.14 1.52 47.49 −1.67 2.00 −0.06
∆VHSI −5.30E-05 0.11 1.92 25.56 −0.95 1.08 −0.08
Panel B: Correlation matrix
∆RV SH URV SH ∆VIX ∆VFTSE ∆VCAC ∆VDAX ∆VSTOXX ∆VXJ ∆VHSI
RV SH 0.64 0.98 −0.07 0.05 0.01 0.05 0.02 0.08 0.11
∆RV SH 0.77 −0.05 0.03 0.06 0.07 0.03 0.13 0.19
URV SH −0.07 0.05 0.03 0.06 0.02 0.10 0.13
∆VIX 0.44 0.18 0.07 0.29 0.49 0.44
∆VFTSE 0.32 0.31 0.45 0.74 0.65
∆VCAC 0.47 0.26 0.37 0.33
∆VDAX 0.19 0.35 0.33
∆VSTOXX 0.52 0.39
∆VXJ 0.73
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Table 3. Forecasting Chinese Stock Market Return with International Volatility Risk
This table reports in-sample forecasting results for the univariate predictive regression models
R kt+1 = α+β IV
j
t + εt+1 k = SH, SH-D, SH-N ,
where R SHt+1, R
SH-D
t+1 , and R
SH-N
t+1 are the daily close-to-close returns, open-to-close daytime returns, and close-to-open overnight returns on Shanghai stock exchange
(SSE) index at time t + 1, respectively; IV jt represents the innovation in specific international volatility index at time t, including ∆VIX, ∆VFTSE, ∆VCAC,
∆VDAX, ∆VSTOXX, ∆VXJ, and ∆VSHI. Panel A, Panel B, and Panel C present the results for close-to-close returns, open-to-close daytime returns, and close-to-
open overnight returns, respectively. In each panel, we present the estimates of regression slope coefficients (β ), Newey and West (1987) t-statistics (NW- t), and
adjusted R2 statistics. *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively, based on wild bootstrapped p-values. To save space, we do
not report the intercept in the regressions. The sample period for the regressions extends from January 4, 2003 through September 30, 2013.
Panel A: Close-to-close daily returns Panel B: Open-to-close daytime returns Panel C: Close-to-open overnight returns
β NW- t R2 β NW- t R2 β NW- t R2
∆VIX −1.30*** −2.87 0.91% 0.98** 2.39 0.58% −2.28*** −11.78 20.35%
∆VFTSE −1.34** −2.51 0.82% 0.04 0.09 0.00% −1.38*** −5.94 6.34%
∆VCAC −1.04** −2.35 0.62% 0.09 0.22 0.00% −1.12*** −5.11 5.25%
∆VDAX −1.29** −2.41 0.63% 0.31 0.61 0.04% −1.60*** −6.82 7.01%
∆VSTOXX −0.25 −1.18 0.17% −0.02 −0.08 0.00% −0.23** −1.98 1.06%
∆VXJ −0.05 −0.18 0.00% −0.17 −0.50 0.03% 0.12 0.52 0.10%
∆VHSI 0.24 0.52 0.03% 0.76 1.63 0.28% −0.52** −2.24 0.85%
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Table 4. Comparison with Chinese Domestic Realized Volatility
This table reports in-sample forecasting results for the univariate predictive regression model based on the Chinese domestic realized volatility
R kt+1 = α+ψ RV
SH
t + εt+1 k = SH, SH-D, SH-N ,
where R SHt+1, R
SH-D
t+1 , and R
SH-N
t+1 are the daily close-to-close returns, open-to-close daytime returns, and close-to-open overnight returns on Shanghai stock exchange
(SSE) index at time t+1, respectively; RV SHt denotes the Chinese domestic realized volatility for the Shanghai stock market at period t. In a comparison, the table
also presents in-sample forecasting results for the bivariate predictive regression model based on RV SHt and IV
j
t ,
R kt+1 = α+β IV
j
t +ψ RV SHt + εt+1 k = SH, SH-D, SH-N ,
where IV jt is one of the international volatility measures. Panel A, Panel B, and Panel C present the results for close-to-close returns, open-to-close daytime
returns, and close-to-open overnight returns, respectively. In each panel, we present the estimates of regression slope coefficients (β and ψ), Newey and West
(1987) t-statistics given in parentheses, and adjusted R2 statistics. *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively, based on wild
bootstrapped p-values. To save space, we do not report the intercept in the regression. The sample period for the regression extends from January 4, 2003 through
September 30, 2013.
Panel A: Close-to-close daily returns Panel B: Open-to-close daytime returns Panel C: Close-to-open overnight returns
β ψ R2 β ψ R2 β ψ R2
RV SH 0.16* 0.28% 0.22** 0.59% −0.06* 0.28%
(1.66) (2.42) (−1.67)
RV SH + ∆VIX −1.26*** 0.14 1.13% 1.06** 0.23*** 1.25% −2.31*** −0.09*** 21.05%
(−2.78) (1.43) (2.56) (2.68) (−12.13) (−2.77)
RV SH + ∆VFTSE −1.37*** 0.17* 1.15% 0.00 0.22** 0.59% −1.37*** −0.05 6.51%
(−2.59) (1.76) (−0.01) (2.42) (−5.87) (−1.29)
RV SH + ∆VCAC −1.04** 0.16 0.91% 0.07 0.22** 0.59% −1.12*** −0.05 5.49%
(−2.32) (1.64) (0.19) (2.42) (−5.19) (−1.54)
RV SH + ∆VDAX −1.34** 0.17* 0.96% 0.25 0.21** 0.61% −1.59*** −0.04 7.15%
(−2.45) (1.76) (0.48) (2.40) (−6.71) (−1.15)
RV SH + ∆VSTOXX −0.25 0.16* 0.45% −0.02 0.22** 0.59% −0.23* −0.06 1.32%
(−1.22) (1.67) (−0.12) (2.42) (−1.95) (−1.61)
RV SH + ∆VXJ −0.10 0.16* 0.29% −0.24 0.22** 0.64% 0.14 −0.06* 0.40%
(−0.35) (1.68) (−0.67) (2.52) (0.59) (−1.71)
RV SH + ∆VHSI 0.16 0.15 0.29% 0.65 0.20** 0.79% −0.49** −0.05 1.03%
(0.33) (1.60) (1.32) (2.26) (−2.09) (−1.33)
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Table 5. Comparison with Alternative Chinese Volatility Risk Measures
Panel A reports in-sample forecasting results for the bivariate predictive regression model based on ∆RV SHt and IV
j
t ,
R SH-Dt+1 = α+β IV
j
t +ψ ∆RV SHt + εt+1 ,
where R SH-Dt+1 denotes the daily open-to-close daytime returns at time t+1, ∆RV
SH
t represents daily changes of Chinese
domestic realized volatility for the Shanghai stock market at period t, and IV jt is one of the international volatility
measures. Panel B presents in-sample forecasting results for the bivariate predictive regression model based on URV SHt
and IV jt ,
R SH-Dt+1 = α+β IV
j
t +ψURV SHt + εt+1 ,
where URV SHt denotes the daily unexpected changes of Chinese domestic realized volatility, defined as RV
SH
t −
Et−1(RV SHt ), based on a first-order autoregressive model, AR(1). In each panel, we present the estimates of regression
slope coefficients (β and ψ), Newey and West (1987) t-statistics given in parentheses, and adjusted R2 statistics. *, **,
and *** indicate significance at the 10%, 5%, and 1% levels, respectively, based on wild bootstrapped p-values. To
save space, we do not report the intercept in the regression. The sample period for the regression extends from January
4, 2003 through September 30, 2013.
Panel A: Comparison with ∆RV SH Panel B: Comparison with URV SH
β ψ R2 β ψ R2
∆VIX 1.03** 0.14* 0.98% 1.06** 0.24*** 1.29%
(2.51) (1.74) (2.58) (2.66)
∆VFTSE 0.02 0.13 0.35% −0.01 0.22** 0.61%
(0.03) (1.57) (−0.01) (2.39)
∆VCAC 0.04 0.13 0.35% 0.07 0.22** 0.62%
(0.12) (1.56) (0.17) (2.40)
∆VDAX 0.26 0.13 0.38% 0.25 0.22** 0.64%
(0.51) (1.54) (0.48) (2.37)
∆VSTOXX −0.03 0.13 0.22% −0.03 0.22** 0.62%
(−0.13) (1.58) (−0.13) (2.40)
∆VXJ −0.26 0.14 0.41% −0.26 0.23** 0.68%
(−0.76) (1.62) (−0.74) (2.49)
∆VHSI 0.63 0.11 0.54% 0.62 0.21** 0.80%
(1.29) (1.33) (1.27) (2.19)
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Table 6. The Dominant Role of ∆VIX in Forecasting Chinese Stock Returns
This table reports in-sample forecasting results for the bivariate predictive regression model
R kt+1 = α+β ∆V IXt +φ IV
j
t + εt+1 k = SH, SH-D, SH-N ,
where R SHt+1, R
SH-D
t+1 , and R
SH-N
t+1 are the daily close-to-close returns, open-to-close daytime returns, and close-to-open overnight returns on Shanghai stock exchange
(SSE) index at time t + 1, respectively; ∆VIX denotes the daily innovation in VIX index; and IV j denotes the innovation in other specific international volatility
indexes except for the US, including ∆VFTSE, ∆VCAC, ∆VDAX, ∆VSTOXX, ∆VXJ, and ∆VSHI. Panel A, Panel B, and Panel C present the results for close-
to-close returns, open-to-close daytime returns, and close-to-open overnight returns, respectively. In each panel, we present the estimates of regression slope
coefficients (β and φ ), Newey and West (1987) t-statistics given in parentheses, and adjusted R2 statistics. *, **, and *** indicate significance at the 10%, 5%, and
1% levels, respectively, based on wild bootstrapped p-values. To save space, we do not report the intercept in the regression. The sample period for the regression
extends from January 4, 2003 through September 30, 2013.
Panel A: Close-to-close daily returns Panel B: Open-to-close daytime returns Panel C: Close-to-open overnight returns
β φ R2 β φ R2 β φ R2
∆VIX + ∆VFTSE −0.94* −0.89 1.21% 1.19** −0.52 0.69% −2.13*** −0.37* 20.71%
(−1.88) (−1.53) (2.42) (−0.90) (−12.00) (−1.81)
∆VIX + ∆VCAC −1.03** −0.61 1.09% 1.15** −0.39 0.66% −2.19*** −0.22 20.51%
(−2.16) (−1.29) (2.44) (−0.89) (−12.38) (−1.20)
∆VIX + ∆VDAX −1.01* −0.68 1.04% 1.14** −0.38 0.62% −2.16*** −0.30 20.53%
(−1.74) (−0.92) (2.12) (−0.60) (−10.76) (−1.08)
∆VIX + ∆VSTOXX −1.24*** −0.12 0.95% 1.05** −0.13 0.62% −2.29*** 0.01 20.35%
(−2.79) (−0.60) (2.57) (−0.62) (−10.93) (0.07)
∆VIX + ∆VXJ −1.30*** −0.01 0.91% 0.99** −0.20 0.62% −2.29*** 0.19 20.58%
(−2.85) (−0.03) (2.41) (−0.63) (−11.80) (1.02)
∆VIX + ∆VHSI −1.35*** 0.44 1.00% 0.91** 0.62 0.77% −2.26*** −0.18 20.45%
(−3.04) (0.93) (2.23) (1.41) (−11.65) (−1.19)
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Table 7. Out-of-sample Forecasting Results
Panel A reports the out-of-sample forecasting results for the open-to-close daytime stock returns on Shanghai stock
exchange (SSE) index, which are generated by the recursive univariate predictive regression based on the Chinese
domestic realized volatility (RV SH ) and daily changes of RV SH (∆RV SH ), respectively. Panel B presents the out-of-
sample performance of the seven international volatility innovations given in the first and fourth columns. R2OS is the
Campbell and Thompson (2008) out-of-sample R2 statistic, which measures the reduction in mean squared forecast
error (MSFE) for the competing predictive regression forecast relative to the historical average benchmark forecast.
MSFE-adjusted is the Clark and West (2007) statistic for testing the null hypothesis that the historical average forecast
MSFE is less than or equal to the competing predictive regression forecast MSFE against the one-sided (upper-tail)
alternative hypothesis that the historical average forecast MSFE is greater than the competing predictive regression
forecast MSFE. All of the predictive regression slopes in out-of-sample forecasts are estimated recursively using the
data available through period of forecast formation t. *, **, and *** indicate significance at the 10%, 5%, and 1%
levels, respectively. The out-of-sample evaluation period extends from January 2008 through September 2013.
Predictors R2OS MSFE-adjusted Predictors R
2
OS MSFE-adjusted
Panel A: Chinese domestic volatility
RV SH 0.45% 1.60* ∆RV SH 0.03% 0.82
Panel B: International volatility risk
∆VIX 0.49% 1.85**
∆VFTSE −0.60% −0.77 ∆VSTOXX −0.47% −0.53
∆VCAC −0.44% −1.11 ∆VXJ −0.55% 0.37
∆VDAX −0.32% −0.57 ∆VHSI −0.31% 0.09
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Table 8. Asset Allocation Performance
This table reports the portfolio performance measures for a mean-variance investor with risk aversion coefficients (γ)
of three and five, respectively, who allocates daily between Chinese equities and risk-free bills using the out-of-sample
forecasts for Shanghai open-to-close daytime stock returns. We present the results for forecasts based on single
predictors including Chinese domestic realized volatility (RV SH ) and seven international volatility innovations given
in the first column. ∆ is the annualized certainty equivalent return (CER) gain for the investor who uses the predictive
regression forecast instead of the historical average benchmark forecast. Θ is the annualized gain of manipulation
proof performance measure (MPPM) of Goetzmann, Ingersoll, Speigel, and Welch (2007). For historical average
benchmark (HA), ∆ and Θ represent the annualized average utility and manipulation proof performance measure,
respectively. The weight on stocks in the investor’s portfolio is restricted to lie between 0 and 1.5. The daily Sharpe
ratio (SR) is the average return of the portfolio formed on the predictive regression forecast in excess of the risk-free
rate divided by its standard deviation. The out-of-sample evaluation period is over 2008:01–2013:09.
γ = 3 γ = 5
Predictor SR ∆ Θ SR ∆ Θ
HA 0.02 2.71% 0.18% 0.02 2.64% 0.11%
RV SH 0.05 1.98% 2.01% 0.05 1.19% 1.23%
∆VIX 0.06 2.17% 2.19% 0.06 1.30% 1.33%
∆VFTSE −0.03 −0.84% −0.83% −0.03 −0.50% −0.49%
∆VCAC −0.03 −0.70% −0.70% −0.03 −0.42% −0.42%
∆VDAX −0.01 −0.45% −0.44% −0.01 −0.27% −0.26%
∆VSTOXX −0.02 −1.07% −1.04% −0.02 −0.64% −0.61%
∆VXJ 0.01 0.17% 0.18% 0.01 0.10% 0.12%
∆VHSI 0.04 0.64% 0.65% 0.04 0.39% 0.39%
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Table 9. Links to Chinese Market Volatility Risk
This table reports in-sample results for the regression model
RV SHt+1 = α+β IV
j
t +ζ RV SHt + εt+1 ,
where RV SHt+1 is the daily realized volatility for Shanghai stock market at time t +1; IV
j
t represents the innovation in
one specific international volatility index at time t, including ∆VIX, ∆VFTSE, ∆VCAC, ∆VDAX, ∆VSTOXX, ∆VXJ,
and ∆VSHI; RV SHt denotes the lagged Chinese realized volatility at period t. In the table, we present the estimates of
regression slope coefficients (β and ζ ), Newey and West (1987) t-statistics, and adjusted R2 statistics. *, **, and ***
indicate significance at the 10%, 5%, and 1% levels, respectively, based on wild bootstrapped p-values. To save space,
we do not report the intercept in the regression. The sample period for the regression extends from January 4, 2003
through September 30, 2013.
β NW-t ζ NW-t R2
∆VIX 0.43** 2.17 0.19*** 6.15 4.41%
∆VFTSE 0.37** 2.07 0.18*** 5.90 4.08%
∆VCAC 0.19 1.17 0.19*** 5.88 3.73%
∆VDAX 0.38* 1.76 0.18*** 5.90 4.01%
∆VSTOXX −0.08 −0.88 0.19*** 5.79 3.70%
∆VXJ 0.10 0.91 0.19*** 5.82 3.62%
∆VHSI −0.03 −0.14 0.19*** 5.75 3.54%
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Table 10. Links to Chinese Macroeconomic Condition and Market Liquidity
This table reports estimation results for the predictive regression model
Yt+1 = α+β ∆V IXt + εt+1 .
In Panel A, Yt+1 represents one of the Chinese daily macroeconomic variables including the three-month, six-month,
and one-year treasury yields. In Panel B, Yt+1 represents one of the Chinese daily stock market liquidity measures
including the changes in turnover, trading volume, or Amihud illiquidity measures at t + 1. ∆V IXt is the US market
volatility innovation at time t. We present the estimates of regression slope coefficients (β ), Newey and West (1987)
t-statistics, and adjusted R2 statistics. *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively,
based on wild bootstrapped p-values. To save space, we do not report the intercept in the regression. The sample
period for the regression extends from January 4, 2003 through September 30, 2013.
β NW-t R2
Panel A: Macroeconomic Variables
3-month Yield 5.81 0.34 0.00%
6-month Yield 13.21 0.73 0.02%
1-year Yield 12.71 0.69 0.02%
Panel B: Market Liquidity Measures
Turnover −48.89** −2.14 0.32%
Trading Volume −36.15* −1.83 0.17%
Amihud Illiquidity 27.55** 2.29 0.44%
39
Table 11. Robustness Check for Shenzhen Stock Market
Panel A reports the out-of-sample forecasting results for the open-to-close daytime stock returns on Shenzhen stock
exchange (SZSE) index, which is generated by the recursive univariate predictive regression based on the Chinese
domestic realized volatility (RV SZ) and the international volatility innovations given in the first column. R2OS is the
Campbell and Thompson (2008) out-of-sample R2 statistic, and MSFE-adjusted is the Clark and West (2007) statistic
for testing the out-of-sample predictive power. Panel B presents the asset allocation performance for the Shenzhen
stock market. ∆ is the annualized certainty equivalent return (CER) gain for an investor with risk aversion of 3. Θ
is the annualized gain of manipulation proof performance measure (MPPM) of Goetzmann, Ingersoll, Speigel, and
Welch (2007). The optimal weights on stocks in the investor’s portfolio is restricted to lie between 0 and 1.5. The
Sharpe ratio (SR) is the average return of the portfolio formed on the predictive regression forecast in excess of the
risk-free rate divided by its standard deviation. *, **, and *** indicate significance at the 10%, 5%, and 1% levels,
respectively. The out-of-sample evaluation period extends from January 2008 through September 2013.
Panel A: Out-of-sample predictability Panel B: Asset allocation performance
Predictors R2OS MSFE-adjusted SR ∆ Θ
RV SZ 1.17% 2.60*** 0.10 6.46% 6.41%
∆VIX 0.62% 2.05** 0.10 3.38% 3.37%
∆VFTSE −0.60% −0.37 0.01 −0.75% −0.76%
∆VCAC −0.42% −0.42 0.01 −0.99% −0.99%
∆VDAX −0.17% −0.03 0.03 −0.45% −0.45%
∆VSTOXX −0.31% −0.21 0.01 −0.75% −0.77%
∆VXJ −0.51% 0.24 0.04 −0.03% −0.03%
∆VHSI −0.53% −0.25 0.08 1.12% 1.11%
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